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Abstract—This work investigates the wuse of multi-
ple Autonomous Surface Vehicles (ASVs) as Communica-
tion/Navigation Aids (CNAs) to enhance the navigation and
state estimation of an Autonomous Underwater Vehicle (AUV).
Our approach builds on recent advancements in low-cost
sensors and platforms, which enable novel AUV applications
across fundamental science, commercial industries, and defense.
We consider six different combinations of Kalman Filter and
Factor Graph localization solutions on three datasets, covering
53 minutes and 3.1 kilometers of operation. We first present the
solution using the measurements from all three ASVs, before
occluding measurements from two of the ASVs to assess the
effect of reduced observability on localization performance.

I. INTRODUCTION
A. Overview

Accurate navigation is a core challenge for Autonomous
Underwater Vehicles (AUVs), which cannot use a Global
Navigation Satellite System (GNSS) or RF signals while
submerged. The key difficulty lies in estimating lateral (X-
Y) positioning, as low cost (< $10,000) heading and speed
sensors are highly susceptible to drift. Magnetic compasses
report heading errors between 0.5° and 2° in ideal conditions,
but often perform worse in practice. Speed estimation further
complicates the problem, as Doppler Velocity Logs (DVLs)
require a seafloor reference (achieved at a low altitude) and
may be unavailable in deep water missions. As a result, head-
ing and velocity errors can cause dead reckoning estimates to
drift tens to hundreds of meters during a 1 kilometer mission.
While surfacing to obtain a GPS fix is an option, it is often
impractical during extended field deployments.

In our approach, we propose using Autonomous Surface
Vehicles (ASVs) as mobile navigation aids to an AUV
in operation. Each ASV can access GNSS and maintain
high-bandwidth communication links, while transmitting its
position via low-cost acoustic modems to the submerged
AUYV. By measuring Two-Way-Travel Time (TWTT) between
the AUV and ASV, we can constrain AUV navigation drift
in real time without fixed beacons or frequent surfacing.
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Fig. 1: A high-level illustration for the systems tested in this
paper: Three ASVs with access to GNSS relay position up-
dates to a submerged AUV using acoustic communications.

We investigate multiple nonlinear filtering strategies to
fuse AUV dead reckoning sensors (DVL, AHRS, and depth)
with acoustic-range measurements from one or more ASVs.
We consider two Kalman Filter variants (Extended and
Unscented), and three ways of incorporating range mea-
surements. We first use a single range measurement as
it is received, and then consider two consecutive range
measurements from different CNAs, within the Kalman Filter
formulation as a recursive estimator. Finally, we consider
relying on the underlying Kalman Filters for dead reckoning
between range measurements while incorporating positional
corrections using a factor-graph based approach, to include
all the range measurements over missions simultaneously in
addition to the intermediate Kalman Filter estimates. This
integration of a sparse factor graph and Kalman Filter re-
duces computational load complementing real time execution
while maintaining a continuous state estimate. The missions
presented in this work are depicted in Fig. 2.

B. Contributions

This work intends to provide several contributions to
the field of marine robotics and heterogenous cross-domain
autonomy, by:

« First, comparing six filtering techniques across a com-
mon dataset, comprising three missions amounting to
3.1 kilometers and 53 minutes of operation, to assess
whether they are generalizable.

e Second, quantifying and evaluating trade-offs between
using one or multiple CNAs for aiding AUV local-
ization. We also discuss how limited communication
bandwidth constrains shared information, leaving out
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Fig. 2: Trajectory comparison, ranging frequency, and observability metrics for three missions: SOUR-MYLO (lemniscate),

FAST-TIDE (lawnmower), and GLIB-BALL (spiral).

unmodeled CNA dynamics. We also show how a sin-
gle CNA can perform on-par with multiple CNAs if
measurements and system dynamics remain temporally
observable.

o Third, demonstrating a hybrid Kalman Filter and Factor
Graph approach that improves localization accuracy
while remaining computationally efficient or on-par
with a standard EKF.

o Next, validating a proposed system as a whole, dis-
cussing how an MIT Spurdog AUV and low-cost ASVs
(such as a BlueBoat), when fitted with the required
sensors for this study, may amount to $30,000 (USD,
2025), which sets up future work, by making many-
agent systems more realizable.

o Lastly, we achieving comparable results than similar
prior work, on more dynamic systems, while demon-
strating a viable option when scaling multi-agent sys-
tems for underwater navigation, by balancing cost and
performance, and opening up future work on closed-
loop real time coordination.

II. RELATED WORK

A. General AUV Navigation

Accurate AUV navigation typically relies on dead reckon-
ing and acoustic positioning. Long Baseline (LBL) provides
high accuracy by triangulating range measurements from

fixed transponders, but it is constrained to predefined areas
and requires multiple beacon detections in short succession.
Ultra Short Baseline (USBL) systems offer complete tracking
by measuring range and bearing from a consolidated acoustic
array, eliminating the need for external beacons. However,
USBL’s accuracy is limited by array size, making it best
suited for short-range applications such as docking. While
non-acoustic methods exist — such as visual SLAM [1],
[2], [3] or terrain-aided navigation [4], these approaches
face greater limitations in turbid waters or environments
with sparse features. For comprehensive reviews of AUV
localization methods, see [5], [6].

B. Moving LBL and Cooperative Navigation

Moving Long Baseline (MLBL) extends traditional LBL
by placing transponders on mobile platforms that report both
their position and range measurements. Some CNAs incor-
porate high-accuracy navigation sensors, allowing them to
serve as dynamic LBL references. Early MLBL experiments
[7] used crewed surface vessels to relay GNSS positions
and acoustic ranges to an AUV, but this approach has
since evolved into cooperative navigation, where multiple
platforms share sensor data to improve their state estimates
[8], [9]. Unlike MLBL, cooperative navigation removes strict
geometric constraints on CNAs, offering greater flexibility in
vehicle deployment at the cost of increased communication
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and algorithmic complexity [10].

Few public-domain studies have explored ASV-assisted
AUV localization at scale. One recent experiment investi-
gated AUV-assisted diver navigation, where an AUV pro-
vided inter-agent acoustic ranges to inform a diver’s state
estimate [11]. Using two crewed kayaks equipped with
equivalent sensors, the study achieved a 4.5-meter endpoint
error while emulating diver motion at 0.5 m/s. Another study
used USBL to localize a Graltech X-300 AUV relative to
an MGB300 ASV, achieving a 3.94-meter RMS error [12],
though both vehicles maintained low relative speeds, at the
surface, with a short separation distance and overall mission
trajectory, thus simplifying the problem.

The most relevant prior work [13] examined an Iver2 AUV
localized relative to an ASV acting as a CNA. The ASV
followed a zig-zag trajectory while tracking the AUV, with a
Nonlinear Least Squares (NLS) estimator achieving endpoint
errors of 15.1 meters and 14.2 meters, later reduced to 11.7
meters and 5.7 meters in post-processing, with a smoothed
result which would have been unattainable online. Higher
errors were attributed to increased platform speed (1.38
m/s vs. 0.68 m/s), highlighting the difficulty of cooperative
navigation in dynamic environments.

III. METHODS
A. Overview

Our state estimation framework starts with a traditional
Kalman Filter, which is extended to incorporate nonlinear
processes and measurement models. We explore both an
Extended Kalman Filter (EKF) and an Unscented Kalman
Filter (UKF), leveraging three different means of incor-
porating ranging measurements. Regardless of the range
measurement model, the underlying Kalman Filter is used
to fuse AHRS, DVL, and pressure sensor measurements for
dead reckoning between acoustic ranging measurements. The
range measurement models consist of a single range update
model, a two range triangulation-based model, and a hybrid
approach using both the Kalman Filters and a Factor Graph
to optimize applicability in real world scenarios. The latter
method incorporates an arbitrary number of range measure-
ments using a factor graph, which is then solved to produce
a state estimate that can be used to update the Kalman Filter.
This last approach incorporates the complete history of range
measurements which is relatively sparse compared to other
measurements, to inform the current position estimate.

B. Process and Measurement Models

Here we outline the nonlinear process and measurement
models used in the Kalman Filter variants. We first define
the AUV states, common to each filter.

T
] (D

Where we work with a subset of the AUV states - the
position in 3D space (z,y,2), the body fixed velocities surge,
sway, and heave (u, v, w), and the heading 1, and the
heading bias 1,. We exclude roll and pitch from the filter

g=[z y 2 u v w ¥ W

since they are accurately reported by the AHRS and can be
used directly.

We then define a discrete time process and measurement
model.

at = f(q—1,u—1) Fwi—1, we ~N(0,Q:) (2

ze = h(qe) + v, vy ~N(0, Ry) 3)

We assume all unmodeled dynamics to become normally
distributed process noise, w;, with covariance from a zero-
mean of ();. We make similar assumptions for the measure-
ment model, such that a measurement z; may be corrupted
with normally distributed measurement noise v; with a
covariance of R;, where errors are nominally zero-centered.

Subsequently, the process model for this selection of states
is assumed to be:

[z + v, (qe) At
Y+ Uy(Qt)At
z+ v, (q) At
URDE ) 4)
w
+ w, At
A
Vg U
V = | Uy :RNED v (5)
v, w

Where v, v,, and v, are the velocity components in the
global frame, and depend on the vehicle’s attitude for roll ¢,
pitch 6, and heading . w, is the AHRS gyroscope reading
for the rotational rate about the z axis in the world frame.

Odometry measurements are obtained from the AHRS
(heading), the DVL, and the Bar30 pressure sensor (depth).
For these measurements with high confidence, the measure-
ment models are as follows:

Zheading = Y+ @)
Zdepth = % ®)
ZDVL = [U v w]T 9

A heading bias is included since these experiments did
not use the onboard magnetometer. For the planned mission
duration, the heading error induced by noisy magnetometer
readings was anticipated to exceed that of the gyroscope drift
rate (1.5°/hr). Finally, we measure the depth, z, directly from
the Bar30 pressure sensor, and the body fixed velocities with
the Tracker 650 DVL.

To incorporate range measurements, we use the spherical
measurement model between the reported beacon (ASV)

12737

Authorized licensed use limited to: TU Hamburg. Downloaded on January 13,2026 at 14:42:32 UTC from IEEE Xplore. Restrictions apply.



position (xp, yp, 23), and the AUVs current position estimate
(z, 9, 2). The acoustic transducer was suspended at a known
depth of 0.86 meters (34 inches) below each ASV, and z; is
roughly constant provided our operational conditions.

Zrange,i = \/(xb - j)Q + (yb - Q)Q + (Zb - 2)2

Since depth is measured directly, this measurement model
only provides an estimate bounded to the edge of a circle
formed by the intersection by the X-Y plane at depth z
and the spherical measurement model. For which, there are
an infinite many satisfying solutions along the edge of this
circle.

To mitigate this ambiguity, we evaluated an alternative
measurement model which incorporates two sequential range
measurements from different anchors (z; and z;_1). These
measurements are handled simultaneously, constraining the
AUV estimated position to one of two possible solutions.

However, this two-range measurement model is only feasi-
ble under specific assumptions. Our acoustic communication
framework processes a range measurement upper bounded
by every 2 seconds. Due to uncertainty in which two
measurements are selected for inclusion in this model, the
underlying measurements may occur up to 4 seconds apart.
This may incur up to a 4 meter difference in the AUV’s
state. As such, there is increased uncertainty and additional
challenges for properly incorporating three measurements
sampled across three different AUV states over the period
to sample the three CNAs, without including workarounds
within the Kalman Filter framework. This then motivates
the introduction of the factor graph based approach which
best handles these measurements temporally, using sequential
single range measurements.

The implications of these measurement models for the
linearized EKF are illustrated in Fig. 3, where we take the
known CNA position (a beacon), the real position of the
AUV, and an incorrect current state estimate (&,¢), and
illustrate how corrections would be applied in the vector
field. In the left plot for the single range measurement
model, we can see the case where the measurement is
corrected towards a worse estimate, but a satisfying solution.
Conversely, we can see that with two range measurements,
we constrain the estimate to two satisfying solutions. On
multiple CNAs, or a single moving CNA, these issues are
typically resolved temporally with consecutive and diverse
measurements.

C. Kalman Filters (EKF and UKF)

In this work, we emphasize a hybrid approach for incorpo-
rating measurements: by using only a Kalman Filter for full
state estimation, or by using a Kalman Filter for intermediate
dead reckoning between acoustic measurements, serving as
a between factor while updating the position estimate with
a factor graph to incorporate the full history of acoustic
measurements. This mitigates the need for workarounds in a
Kalman Filter based approach. We test both an EKF and
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Fig. 3: EKF linearized measurement model: (Left) Single
range update may result in suboptimal correction; (Right)
Two range updates constrain the solution to two possible
estimates, improving accuracy.

the UKF, and compare their performance as a complete
estimator, and the boosted performance when combined with
a factor graph. For an in-depth discussion on specifically
EKFs and UKFs, please refer to [14] and [15] respectively.
A standard procedure is applied to the process and measure-
ment models provided in the previous section.

D. Factor Graph

Formulating this process as a NLS optimization problem
allows us to include multiple range measurements without
the condition that these measurements be near-simultaneous.
We seek to solve for the set of AUV states that best
satisfy the odometry and all range measurements observed.
This consists of constructing a factor graph representing the
AUV’s trajectory through a set of poses linked by relative
pose measurement factors and linked to external references
(ASV positions) through range factors. To minimize the
computational cost of such a method, the graph is formulated
in two dimensions (the horizontal plane) with each AUV
state represented by the state variable z; € SFE(2) and each
ASV position represented by variable I; € SO(2). SE(n)
and SO(n) define special Euclidean and special Orthogonal
groups of dimension n.

Furthermore, new pose variables are only created with
each new range measurements, resulting in relative small
graphs which can be solved quickly by a batch solver.

Relative pose measurements are computed by comparing
the state estimate of a Kalman Filter incorporating solely
AHRS, DVL, and pressure measurements at two given
times. By sampling the state variables x;_; and z; as well
the associated covariances we can obtain the relative pose
measurement model,

hodom (Zi—1, ;) £ Omi1 ® (10)

Likewise we formulate the range measurement model be-
tween the AUV and ASV as,

hrange(l'iv l]) £ Htm - tleQ (11)

with an additional prior on the landmark position which
accounts for uncertainty in the reported ASV position.

This yields the cost function which can be solved to
obtain the set of AUV and ASV states X = {x;,l;} which
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best satisfy the set of observed measurements: the relative
pose obtained from the KF (zodom,;), the range measurement
(Zrange,j)» and the reported ASV position (zgps, ;).

Eodom, i

C(X> = Z ||h0d0m(:1;i717 $2) — Zodom,i 2

3
+ Z ”hrange (i lj) T Prange.j ;”"ge’j
J
2
+ Z ||lj - 2GPS,J'HZGPS,J'
J

Finally, the most recent pose in the set is used to update the
x, y and 1) components of the the Kalman Filter, leaving the
remaining terms unaffected. The marginal covariance of this
pose is similarly used to update the associated components
of the Kalman Filter covariance.

In practice, this is achieved through by a four step process
each time a range measurement is obtained.

12)

1) The KF is sampled to obtain the relative pose mea-
surement and initialize the new AUV state variable.

2) The relative pose factor and range factor are added to
the graph, as well as the new AUV and ASV state
variables.

3) The graph is solved using a Levenberg-Marquardt
solver and the most recent AUV pose-marginal covari-
ance pair is extracted.

4) The extracted pose and covariance are used to update
the Kalman Filter.

The underlying factor graph architecture and optimization
process is implemented using GTSAM [16], with the un-
derlying Kalman Filter providing continuous state updates
between the application of these factor graph-derived correc-
tions. We relax the process noise of the Kalman Filter while
increasing our trust in our range measurements, improving
both final estimates and the overall trajectory quality, without
introducing noise or discontinuities which were obtained
with the Kalman Filter with similar parameters.

IV. EXPERIMENTAL SETUP
A. Platforms and Operations

For these experiments, we used one modified MIT Spur-
dog AUV [17] and three Clearpath Heron M302 ASVs, as
shown in Fig. 4. The MIT Spurdog AUV was modified
with an Ahoi Acoustic Modem [18] and a 3DM-CV7-AHRS
from HBK integrated into the payload region (see Fig. 6 of
[17], and a Tracker 650 DVL was fitted into an alternative
nosecone payload. When the DVL was independently vali-
dated against GPS on an ASV, a 4.5% odometry error was
observed, where we measured a 1.94 km GPS-referenced
odometry, compared to 1.83 km from DVL integration. The
total cost of the sensors used in this work is detailed in
Table I, providing a breakdown of components necessary for
integration into other platforms.

The three Herons were provided a prescribed circular
pattern to loiter, while two operators would deploy the
Spurdog within the circle to dead-reckon a variety of preset

patterns with the DVL and AHRS only during operation. The
Spurdog would capture the GPS fix which initialized the dead
reckoning solution, and then conduct a continuous operation
at roughly 1 m/s and 1 meter of depth before surfacing, and
waiting one minute to capture a GPS fix before ending the
mission. The autonomy and “guidance system”, and all real
time software was implemented and is executed within the
MOOS-IvP framework [19]. The speed of sound in water was
extrapolated with several casts of the RBRconcerto® around
the Charles River, where the water temperature was 11 °C,
and an estimated speed of sound of 1454 m/s.

Spurdog AUV, (right) a Clearpath Heron ASV.

TABLE I: Core Sensor Costs for AUV and ASV Platforms

Component Quantity  Unit Cost (USD)
AUV Hardware

GPS (Neo-M9N) 1 70
Attitude (HBK 3DM-CV7-AHRS) 1 650
DVL (Tracker 650) 1 2300
ASV Hardware (Per ASYV)

GPS (EVK-MS) 3 200
Attitude (HBK 3DM-CV5-AHRS) 3 650
Shared Acoustic System

Modem (Ahoi) 4 250
Transducer (AS-1 Hydrophone) 4 410
Total Cost - 10,510

B. Event handling

The operational algorithm is in part illustrated by Fig. 5,
with a single CNA for one round. An AUV interrogates the
three CNAs in order, making up to two attempts, before
moving onto the next CNA. Using low-cost hardware, it is of
interest to utilize a TWTT acoustic ranging cycle. With both
systems moving simultaneously at 1 m/s in our experiments,
the maximum relative velocity is up to 2 m/s, and a maximum
measured range of up to 250 meters, as illustrated in Fig. 2.
Overall, this provides a maximum TWTT ranging error of
0.7 meters alone.

V. RESULTS
A. Metrics

Filters were tuned to achieve optimal qualitative and
quantitative metrics. Qualitatively, we want a solution which
is stable, to prevent large discontinuities in a trajectory, so
a navigation solution can be used online. In filter tuning,
this results in relaxing the measurement uncertainty for
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Fig. 5: Two-Way-Travel-Time (TWTT) acoustic communi-
cation protocol between AUV and ASV: the AUV initiates
ranging, the ASV acknowledges and transmits its GNSS
position, enabling range and position estimation.

ranging measurements, such that proportional to the process
noise, measurements are incorporated more gradually. This is
roughly illustrated in Fig. 3, by the “scale” of the blue vector
off of the estimate. Quantitatively, we discuss the Surface
Error, and results concerning the range measurements for
the last 20% of acoustic measurements, which we refer to
as the F20% range mean error (innovation) and RMS Error,
and an execution ratio.

1) Surface Error: Quantitatively, our only “ground truth”
reference throughout a trajectory is when the AUV surfaces.
The surface error, is the absolute measured distance between
the reported GNSS position after converting to local meters
via a WGS84 geodesic conversion. Ideally, this value is zero.
The MIT Spurdog AUV’s multi-frequency GNSS receiver
and mast is estimated to have a radial error typically to 2-
3 meters at the 95% confidence interval, approximated with
approaches discussed in [20]. The reported GPS position was
consistently measured an average HDOP of 0.64.

2) F20% Mean and RMS Errors: This is the Mean and
RMS acoustic-range error between the position estimate
and the measurement, over the final 20% of received range
measurements. It reflects how the filter converged, assuming
the unmodeled dynamics can be characterized by Gaussian
noise with a zero centered mean error. The mean error is to
capture this metric, while the RMS error is to capture overall
noise along this region.

3) Execution Ratio: We record the total time spent run-
ning the filter (in post-processing) and divide by the actual
mission duration, yielding a ratio in milliseconds-per-second
(ms/s). Low ratios indicate feasibility for real time com-
putation on embedded hardware such as the MIT Spurdog
AUV’s Raspberry Pi 4. The reported numerator, for post-
processing duration for a mission, replaying the data as if it
was executed in real time, was conducted on a 2021 Apple
MacBook M1 Pro. Further, the post-processing analysis was
implemented in Python 3, whereas on the AUV it would be
implemented in C++, where we would expect significantly
improved performance.

4) Dead Reckoning Reference: As a reference, we also
report the AUV’s dead reckoned navigation solution which
was run in real time, which is open-loop with respect to the
acoustic ranges, and report the same metrics.

B. Final Results

We provide tabulated results in Table II, which illustrate
the metrics discussed in the previous section, applied to the
missions depicted in Fig. 2. In Table III, we present the final
best results with these filters applied to the three missions. In
Fig. 2, we present the dead reckoning solution, which is the
intention for a prescribed trajectory, compared to the final
smoothed factor graph estimate of the total trajectory, which
incorporates the final GPS position as a final factor. Because
of this, we exclude this final value from the discussion
on results since it is unattainable in real time, however it
illustrates the most likely trajectory the AUV had taken over
the entire mission. Figure 6 illustrates the trajectories of all
the filters solely applied to the lemniscate pattern to inform
the reader on the qualitative performance of the filters. In the
following tables, we prefix a filter and measurement model
for single and double ranging measurement models with “S.”
and “D.” respectively, and D.R. for dead reckoning, and F.G.
for a factor graph boosted approach.

TABLE II: Tabulated filter mean performance across the
three missions depicted in Fig. 2

Filter Surf. Err.  RMS Err. Mean Err.  Exec. Ratio
(m) (m) (m) (ms/s)
D.R. 19.7 13.8 12.5 N/A
All CNAs [2,6,9]
S. EKF 9.6 54 2.8 7.0
S. UKF 9.3 53 2.7 8.7
S. EKF+FG 9.3 3.8 1.8 8.2
S. UKF+FG 9.4 34 1.5 10.2
D. EKF 9.0 4.8 1.6 6.9
D. UKF 9.0 4.8 1.7 8.9
Only CNA 2
S. EKF 10.6 34 3.0 6.6
S. UKF 10.1 32 2.7 8.4
S. EKF+FG 9.2 1.8 1.3 6.7
S. UKF+FG 9.0 1.1 0.7 8.7
Only CNA 6
S. EKF 20.8 3.1 2.4 6.5
S. UKF 20.8 3.0 2.3 8.7
S. EKF+FG 21.1 1.7 1.2 7.0
S. UKF+FG 19.3 1.7 1.2 8.8
Only CNA 9
S. EKF 11.5 4.5 3.7 6.4
S. UKF 10.9 44 3.6 8.6
S. EKF+FG 10.0 2.5 1.8 6.8
S. UKF+FG 8.9 2.3 1.7 8.7

C. Discussion of Results

Key findings of these results illustrate the viability of the
algorithms combined with low-cost sensors, while demon-
strating performance on par or better than prior work ref-
erenced herein. Using three simultaneous CNAs rendered a
more consistent solution on average, however comparable
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doing), and then the final smoothed factor graph solution including the surfacing position (what the AUV most likely did).

TABLE III: Performance comparison for “in situ” S.
UKF+FG with individual CNAs across all missions.

Mission  Surf. Err.  RMS Err. Mean Err.  Exec. Ratio
(m) (m) (m) (ms/s)
Dead Reckoning

S-M 24.1 17.3 16.5 -

F-T 28.0 17.7 15.6 -

G-B 7.0 6.3 53 -

CNAs [2,6,9]

S-M 4.6 2.9 2.3 9.0

F-T 15.6 5.1 2.2 11.1

G-B 8.0 2.2 0.0 10.5
CNA 2

S-M 10.5 04 0.4 8.7

F-T 7.9 1.5 0.6 8.8

G-B 8.6 1.4 1.2 8.7
CNA 6

S-M 3.0 2.6 2.6 8.5

F-T 40.8 2.3 -0.8 9.3

G-B 14.3 0.2 -0.1 8.6
CNA 9

S-M 12.1 1.8 1.4 8.7

F-T 2.3 3.1 1.9 8.9

G-B 12.3 1.9 1.7 8.7

results were achieved with a single CNA. When the reader
observes Table III, results were more widely varying for
a single agent, especially when only CNA 6 is considered
for FAST-TIDE. In this mission, the Heron disconnected
from the shoreside network and behaved unexpectedly, thus
forming the ‘V’ shape in FAST-TIDE. Because of this, with
the relative position between the ASV and the AUV lacked
diversity and AUVs estimate in the X-direction was poorly
observed. In our analysis, the sliding window Observability
Gramian becomes singular for the associated X eigenvalue,
and the AUV’s position estimate proceeded to drifted West.

Conversely, single CNA 6 was able to achieve essentially
performance equal to the three simultaneous CNAs, by main-
taining rich enough relative positions to the AUV throughout
the mission, which is illustrated in the blue subplots at the
bottom of Fig. 6.

Next, in our model since we are bandwidth constrained
via acoustic communication, we assume that the CNA’s
position estimate is a “‘ground truth” reference, which is not
strictly correct. The CNA’s position has unmodeled behavior
which was not transmitted to the AUV due to bandwidth
constraints, which in all, introduces more uncertainty into
the system. This result is demonstrated by the lower F20%
RMS and range mean errors found in Table II, where the
AUV is more closely coupled to a single CNA, rather
than three simultaneously. When three CNAs are considered,
the algorithm finds an equilibrium between three different
systems with unmodeled dynamics. The factor graph-based
methods can more simply account for this by incorporating
a loose prior on the CNA position, allowing some deviation
from the initial value which partially accounts for these
unmodeled aspects.

This raises the discussion on a few key points:

e An accurate estimate can be achieved with a single
CNA, without adaptive positioning, which may further
optimize positioning and measurement quality relative
to the AUV. Therefore, this motivates future work in
closed-loop adaptive CNA positioning with this work.

o If an accurate estimate can be achieved with a single
CNA, it becomes more viable to share more information
between the AUV and CNA to improve estimation
through more closely coupled models.

o Not only is the combined filter’s performance a top
performer, it is also feasible to run in real time on the
AUV and embedded hardware, such as the Raspberry
Pi 4 on the MIT Spurdog AUV.
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VI. CONCLUSIONS & FUTURE WORK

This paper presents a comprehensive evaluation of coop-
erative localization techniques for a low-cost AUV, the MIT
Spurdog, where ASVs serve as Communication/Navigation
Aids by providing an acoustic range measurement and their
positional estimate. We compared six different combinations
of filtering techniques across three field trials, totaling 53
minutes of operation and 3.1 kilometers of data. Our best
results were achieved using a hybrid approach combining an
Unscented Kalman Filter with a Factor Graph, using single
range measurements (S. UKF+FG). Results were more con-
sistent when multiple CNAs are employed simultaneously,
however comparable results were achieved with a single
CNA despite the lack of adaptive real time coordination.
For three simultaneous CNAs, we achieved an average final
surfacing error of 9.0 meters, an F20% Range Mean Error of
0.7 meters, and an F20% RMS error of 1.1 meters. Excluding
the mission where acoustic ranges were unavailable for the
final 200 seconds for the mission, the average surface error
was 6.3 meters.

We isolate and apply the top-performing algorithm to each
CNA alone to demonstrate differences in performance due
to the variability in the CNA’s and AUV’s relative trajectory.
Our approach’s execution ratio of 9.5 ms/s, demonstrates the
likely feasibility for real time implementation on embedded
hardware such as the Raspberry Pi 4 used in the MIT
Spurdog AUV. Overall, the results demonstrate that low-cost
platforms and sensors can achieve navigation performance
comparable to or better than prior work which has used more
expensive and sophisticated systems. This has significant im-
plications for enabling large-scale, multi-agent operations in
marine environments where cost and scalability are important
considerations.

From these results, and what motivated this study, is based
on future work:

o Implementing closed-loop heterogeneous coordination
where ASVs adaptively position themselves to optimize
measurement quality and observability.

o Since the results were evaluated in post processing,
when two CNAs were stripped away the time between
ranging measurements were at least tripled. With this
observation, communication bandwidth can be allocated
where an AUV and CNA can share more information
for real time coordination and improved estimation.

o Leveraging the sliding window Observability Gramian
as a metric to inform CNA behaviors to provide high-
quality measurements to the AUV in operation.

This work is a step towards further enabling closed-loop
heterogeneous marine robotic teams where low-cost AUVs
can maintain accurate navigation through cooperation with
ASVs, enabling wider range of scientific, commercial, and
defense applications.
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